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Abstract
Analyzing large-scale gene expression data is a labor-intensive and
time-consuming process. To make data analysis easier, we developed a
set of pipelines for rapid processing and analysis poplar gene expression data
for knowledge discovery. Of all pipelines developed, differentially
expressed genes (DEGs) pipeline is the one designed to identify
biologically important genes that are differentially expressed in one of
multiple time points for conditions. Pathway analysis pipeline was
designed to identify the differentially expression metabolic pathways.
Protein domain enrichment pipeline can identify the enriched protein
domains present in the DEGs. Finally, Gene Ontology (GO)
enrichment analysis pipeline was developed to identify the enriched
GO terms in the DEGs.
Our pipeline tools can analyze both microarray gene data and highthroughput gene data. These two types of data are obtained by two
different technologies. A microarray technology is to measure gene
expression levels via microarray chips, a collection of microscopic DNA
spots attached to a solid (glass) surface, whereas high throughput sequencing,
also called as the next-generation sequencing, is a new technology to
measure gene expression levels by directly sequencing mRNAs, and
obtaining each mRNA’s copy numbers in cells or tissues.
We also developed a web portal (http://sys.bio.mtu.edu/) to make all
pipelines available to public to facilitate users to analyze their gene
expression data. In addition to the analyses mentioned above, it can
also perform GO hierarchy analysis, i.e. construct GO trees using a
list of GO terms as an input.
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Chapter 1
Introduction to Poplar Gene Analysis Pipeline
1.1 Background
The DNA sequences of genes carry the codes for synthesis of functional gene
product – protein. When genes are expressed, messenger RNAs (mRNAs) are
transcribed by using DNA as templates, and are subsequently translated into
various functional proteins. We refer to this process as gene expression.
However, due to the genetic programs and various environmental conditions, not
all genes are expressed at the same time and at the same levels. Different gene
expression profiles can lead to the various gene dosages that define phenotypes.
Different genes may participate in different biological process, and function in
different tissues, and various environmental conditions. Hence analyzing gene
expression data plays an essential role in getting better understanding how life
functions.
DNA microarrays, or DNA chips is the technology that facilitate the parallel
execution of experiments on all genomic genes simultaneously [1] . Such
technology measures mRNAs in cells or tissues at any moment. In the microarray
experiment, Gene-specific DNA fragments are immobilized on a glass slide.
Then mRNAs extracted from control or treated tissues are labeled with
fluorescence dyes, cy5 and cy3, and used to hybridize to the array under the law of
base-pairing rule. After hybridization is done, we can measure the quantity of
each mRNA species from the same genes by measuring the spot lit on the chip,
such quantity yields raw value of gene expression. This technology is called
microarray data. The data we used is yielded from Affymetrix poplar genome chips that
contain 61413 gene-specific fragments for interrogating gene expression of 61413 genes
Due to the advent of new DNA sequencing technologies, high throughput
sequencing technology, also called next-generation sequencing technologies are
now emerged as an alternative technology to microarray for gene expression
analysis [2] . The development of high throughput sequencing is driven by the high
demand for low-cost sequencing. Such technique can produce thousands or millions of
sequences at once[4] [5] by taking advantage of parallelizing the sequencing process. High
throughput sequencing is a technique that can be used directly sequencing mRNA
species. Several high throughput sequencing methods are taking advantage of the
power of massively-parallel sequencing to map short DNA sequence on long
genome with large scale. Typically they will count the abundance of each mRNA
species in cell or tissues.
1

Analyzing microarray or high throughput sequencing data is tedious and very
time-consuming when the data are yielded from various tissues and in a time
series. To reduce the workload for biologists, we developed multiple gene
expression pipelines and assembled them together to facilitate the analysis of
gene expression data. We focus on the gene expression data from a bioenergy
species, poplar. Poplar is not only a top-quality source of biofuel, but also the
first tree species to have its entire genome sequenced. Our gene expression
package as shown (http://sys.bio.mtu.edu) will not only help biologists save a lot
of time but also identify important genes involved in different biological
processes.

1.2 Goal and objectives
The goal of this project is to develop a set of tools for rapid analyzing gene expression
data for model species, poplar. The tools can be used to identify DEGs, pathways,
enriched protein domains and GO terms. The input data type can be either microarray
data or high throughput data.
The objectives of the pipeline tools are to:
1. Analyze gene expression data for identifying DEGs and gene sets by applying
different statistical methods.
2. Evaluate the results from DEG pipeline; identify the enriched protein domains
and GO terms. Calculate the enrichment factors, enrichment scores and average
fold changes for enriched protein domains and GO terms.
3. Perform GO hierarchy analysis of a given list of GO terms. Then construct the
GO tree based on the relations among the given GO terms.
4. Implement web application of all developed pipelines with friendly user
interfaces to facilitate the use of the poplar gene analysis pipeline.
My work concentrated on the development of both command line package and
web application. In the web application, we allow users to upload their data
obtained from their experiments. We will run multiple analyses in background
and send the result links via e-mail to notify the user.

1.3 Design
Our pipeline line tools can take gene expression data from a time series or
multiple comparisons. The tools analyze data from each time point or treatment
2

independently. We use a data set of multiple time points as an example to
demonstrate the usages of the developed pipelines. We have the following
restrictions for gene expression files uploaded:
1. At each time point, expression file must contain control (untreated) replicates
and treatment replicates. In most cases control replicates represent the
information from wild type plants.
2. Due to the statistical methods we use, each time point must have at least 2
control replicates and 2 treatment replicates.
3. Data from each time point may have different number of control replicates and
treatment replicates but the numbers of control replicates and treatment
replicates must be consistent throughout all time points.
DEG pipeline takes the gene expression data as input and try to identify the
DEGs for each time point. Here we used Rank Product method [3] to identify the
DEGs for microarray data. Pathway (or DEG set) analysis attempts to identify
the DEG set by taking the gene expression data and the pathway matrix files as
input. Pathway analysis is applied to gene expression data across all the time
points. . The pathway matrix is a file in which each row is a gene and each
column is a pathway, and a number in each intersection is either 0 or 1. A value
of one indicates this gene is in this pathway, zero otherwise. Domain and GO
enrichment analyses are applied to the DEGs that were output from DEG pipeline.
After getting the DEGs from each time points, we extract them separately and try
to identify the corresponding protein domains and GO terms. Calculat e the
enrichment factors, enrichment scores as well as the average fold changes of the
genes included.

1.4 Pipeline flowchart
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1.5 Roles and tasks
I was responsible for the development of command-line pipeline programs and
the web tools. I also performed the data analyses after getting results from
pipeline program. Chapter 2 introduces the usage and functions of various
pipeline programs I developed. Chapter 3 shows the GO hierarchy analysis.
Chapter 4 provides the usage of our online tool.
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Chapter 2
Poplar Gene Expression Data Analysis Pipeline

2.1 Identification of DEGs
To identify DEGs, the pipeline perform the following procedures:
2.1.1: Trimming part of genes
Genes with high expression values and standard deviations usually produce
significant biological effect. Thus we exclude those genes with lower expression
values and smaller standard deviation at the very beginning.
The DEG pipeline ranks all the genes by their average expression values and
standard deviations separately in descending order, and then combines these two
ranks and calculates the average rank for each gene. The pipeline does the
trimming according to this average rank.
Trimming gene is optional. Users can specify the cut-off value represents the
trimming percentage. For instance, 0.2 represents trimming 20 percent genes.
2.1.2: Calculating p-values for each gene
We integrate Rank Product into our pipeline for identifying DEGs. Rank Product
is a non-parametric statistic method for the detection of DEGs for microarray
data [3] . It is based on the rankings of fold changes. The formula for calculating
the rank product is as follows:
RankProduct(g) =
Where g represents a specific gene, n represents the number of all the genes; k
represents the number of replicates;
represents the rank of ith replicate of
gene g.
This method assumes that the orders of all the genes are random, i.e. the
probability of finding a specific gene among the top r of n genes list equals to r/n.

6

Rank Product method is fast and simple. It provides a straightforward and
statistically stringent way to determine the significance level for each gene and
reliable in high noisy data [3] .
Besides Rank Product, we also implemented two additional methods to identify
the DEGs, they are Weight Average Difference (WAD) and moderated Tstatistics (modT).
WAD is a fold-change-based method. It uses the average difference and relative
average signal intensity so that DEGs are highly ranked on the average for the
different conditions. [6]
For an individual gene i in time point j, we need to calculate the average
difference of this gene first. The average difference of gene i in time point j is
calculated as followings:

represents the average log signal of all the control replicates belong to
gene i in time point j,
represents the average log signal of all the
treatment replicates belong to gene i in time point j.
Average log signal intensity
is used to evaluating the average difference of
all the replicates of gene i in time point j.

represents the average log signal of all the replicates belonging to gene
i in time point j. Vector is used to store the all the replicates of gene i in time
point j, and the result is calculated as follows:

The larger the
, the more significant a differentially expressed a gene is.
WAD statistics can be an alternative of rank product in defining DEGs.
The modT is considered as reformulated posterior odds statistics, in which
posterior residual standard deviations are used in place of ordinary standard
deviations. [7] Moderated t-statistic follows a t-distribution with augmented
degrees of freedom, and it generates a more predictable ranking of genes
compared with ordinary t-statistics.
7

We also implemented the modT method to calculate the rankings of poplar genes
in each time point. The larger the modT value, the more significant a
differentially expressed a gene is. It is also an alternative of Rank Product in
defining DEGs.
Other than these three methods, we also attempted to use ANOVA to identify
DEGs. However, this method is too time-consuming and we finally decided not
to integrate it.
2.1.3: Trimming genes with larger p-values
The selection of DEGs is based on the result of Rank Product method. We get p value for each remaining genes in step 1. We sort genes based on p-values in
ascending order and trim those genes with p-value larger than 0.1.
2.1.4: P-value correction
As dataset becomes larger, false positives get increased in DEG list. In order to
make the false positive genes under control, we had to apply a multiple testing
correction and calculate the corrected p-values.
Multiple methods are available for multiple testing of p-values. We chose
Benjamini and Hochberg false discovery rate correction method [8] in our program.
This p-value correction method is the least stringent compared to other methods
such as Bonferroni and Westfall and young Permutation. [9].
Benjamini Hochberg FDR multiple correction method calculates corrected pvalue as follows:
1. Sort the original p-values of all genes in ascending order.
2. Calculate corrected p-value by using following formula:
Corrected p-value = Original p-value * n / r
r stands for the rank of the gene and n stands for the total number of genes.
2.1.5: Selection of DEGs
After calculating corrected p-values, we can select DEGs. In our program, all the
genes with corrected p-value smaller than 0.05 are defined as DEGs by default.
This threshold is believed to be reasonable and also suggested by Benjamini
Hochberg FDR correction method. Thus, the false discovery rate of the DEG list
is limited to 5%. However, users can also specify their own threshold.
8

User must normalize their microarray expression data before using the pipeline
to do analysis. Our pipeline tool takes the normalized microarray expression
gene data file as input. The format of an example microarray expression ge ne
data file is shown in Figure 5:

Figure 5: Microarray Gene Expression file

We have the following restrictions for the input microarray gene expression file:
a) The input file should be a tab-delimited file.
b) If we have multiple time points in the microarray gene expression file, t he
number of control and treatment replicates should be the same.
c) In each time point, we should have at least two replicates for control and
also for treatment.
d) Row 1 provides the name of each column. The names of control replicates
should start with “c” or “C” and the names of the treatment replicates
should start with “t” or “T”.
Running command:
$ perl ./script/DEG_pipeline.pl -p gene –i file1.txt –g file2.txt -t 0.2 -tp 6






-p gene/pathway: ‘gene’ indicates we are doing DEG analysis and
‘pathway’ indicates we want to do pathway analysis.
-i <file>: Specifies the microarray gene expression file.
-g <file>: Specifies the microarray gene annotation file.
-t (0-1): Specifies the trimming percentage of the original data introduced
in 2.1.1; the value should between 0 and 1.
-tp: Specifies the time point number, this number should be positive
integer.
9

The resulting file of a differentially expressed genes sample is shown in Figure 6:

Figure 6: Sample DEG result file

Row 1 contains the column name. From column 2, the integer in the front of each
column name indicates which time point that result belongs to. Column 2
provides the sum of unlogged expression values of all control replicates in that
time point. Column 3 stands for the sum of unlogged expression values of all
treatment replicates in that time point. Column 4 presents the fold change.
Column 5 provides the rank for each sample from the moderated T method.
Column 6 contains the ranks from the WAD method. Column 7 contains the p value results from the Rank Product method. Column 8 provides the corrected p value. Column 9 provides the ranks from the Rank Product method. Column 10
indicates whether the current gene is DEG or not in a selected time point.

2.2 Identification of Differentially Expressed Pathways
Metabolic pathways are series of chemical reactions occurring within a cell. In
each pathway, a precursor chemical is modified by a series of chemical rea ctions
to produce one or multiple chemicals. Usually enzymes encoded by multiple
genes catalyze these reactions coordinately.
Gene set analysis evaluates the expression of a set of genes catalyzing biological
pathways.[10] In this analysis, users need to upload their matrix file that is used to provide
the relations between pathways and genes. Figure 7 shows the format of a pathway
matrix file.

10

Figure 7: pathway matrix file

In the matrix file as shown, each row represents a poplar gene and each column
represents a pathway. In this file 0 indicates the gene is not present in this pathway and 1
indicates the gene belongs to this pathway. In order to enable the pathway analysis using
sample power, we combined the sample replicates for all the time points together prior to
the analysis.
Significance Analysis of Microarray for Gene Sets (SAM-GS) was integrated into our
pipeline for pathway enrichment analysis. [7] Normally when we analyze whether a set of
genes are associated with a phenotype, we measure to check whether the gene set consists
of genes whose expression values continuously changed in one direction with the
phenotype. Compared to GSEA (Gene Set Enrichment Analysis) method proposed by
Mootha et al. [11] , SAM-GS is more sensitive, leading to the result of statistically
significant gene sets more reliable.
We identified the differentially expressed pathways in the following steps:
2.2.1: Calculate the fold change for each poplar gene
Calculate the fold change for each individual poplar gene appears in the gene
expression file in each time point separately. The calculation of fold change (FC)
for given poplar gene g exists in time point i is as follows:
1. Calculate the sum of control replicates and treatment replicates in time point i.
We refer them as sum_control, sum_treatment.
2. If sum_treatment >= sum_control, FC = sum_treatment/sum_control.
If sum_treatment < sum_control, FC = -1*sum_control/sum_treatment.
Negative FC indicates gene G in time point i is down-regulated, otherwise it is
up-regulated.
11

2.2.2: Call SAM_GS program to evaluate all the pathways defined in pathway
matrix file
SAM_GS program calculates the p-value and corrected p-value for all the
pathways base on the members in current pathway. The smaller the corrected p value, the more significant a pathway is.
2.2.3: Calculate the average fold change for each pathway
Suppose pathway P contains n genes, denoted as gene-1, gene-2, gene-3…gene-n.
a. For each pathway gene, if FC of such gene is larger than 1, subtract it by 1;
if it is smaller than -1, add 1.
b. Add the resulting values of all the genes together. And then divided the
sum by n.
c.

If the result for the previous step is a negative value, add -1. Otherwise
add 1. This resulting value is average fold change of the pathway.

Running command:
$perl ./script/DEG_pipeline.pl -p pathway -i file1.csv -g anno/file2.csv




-p gene/pathway: the option of ‘pathway’ indicates the analysis is to
identify differentially expressed rather than gene
-i <file>: Specifies the microarray gene expression file, this file should be
CSV format, i.e. comma delimited file.
-g <file>: Specifies the pathway matrix file, this file should be CSV
format, i.e. comma delimited file.

The result file of pathway analysis is shown in Figure 8:

Figure 8: pathway analysis result

In the output file, each row represents one pathway. Column A contains the
pathway name. Column B gives the number or poplar genes within this pathway.
12

Column C contains the p-value. Column D gives the q-value (corrected p-value).
Column E shows the list of poplar genes current pathway corresponds to. The
following column provides the average fold change of pathway in each time
point.

2.3 Domain Enrichment Analysis
A protein domain is a conserved part or structure of protein sequence that can
function independently from the rest of protein. Domains vary in length from
between about 25 amino acids up to 500 amino acids in length. We downloaded the
Interpro-scanner and associated databases to our server and ran it to analyze
73013 protein sequences and identified all protein domains contained in these
sequences. Each domain in our analyses is represented by an Interpr o ID.
Domain annotation file in Figure 9 provides the corresponding relation between
protein domains and poplar genes.

Figure 9: protein-domain annotation file

One protein domain is usually contained by multiple poplar genes. In this file Column
A shows the Interpro ID of the protein, Column B gives the description of certain
protein domain, Column C provides the poplar genes contain current domain.
The outcome of biological events in the cells and tissues is determined by the protein protein interaction through domains. The purpose of domain enrichment analysis is to
identify the gene families that are thriving or over-represented in the data. Domain
enrichment analysis is applied on the DEGs output from DEG pipeline. .
According to the protein domain annotation file we have, nearly half of the poplar
genes have protein domains. We evaluate the enriched protein domains for each DEG
list from various time points separately. The procedures in detail are as follows:

2.3.1: Calculate genome size, genome number, sample size, and sample number
In the program for protein domain enrichment analysis, we calculate enrichment score
and enrichment factor to evaluate the degree of enrichment of a protein domain. To do
this, we need to obtain four parameters.
13

1. Genome size
Genome size represents the total number of poplar genes that have at least one protein
domain. It can be obtained by scanning the domain annotation file.
2. Genome number
Genome number represents the number of poplar genes that have a spec ific protein
domain.
3. Sample size
Sample size represents the number of DEGs in current time point that have at least one
protein domain.
4. Sample number
Sample number represents the number of DEGs that have a specific protein domain.
The genome size is fixed once the domain annotation file is given. The sample size is
fixed given the specific time point. The values of genome number and sample number
vary in domains and time points.

2.3.2: Calculate Enrichment Factor
The enrichment factor is calculated by the following formula:

Enrichment factor is one statistics to measure the enrichment level.

2.3.3: Calculate Enrichment Score
Enrichment score is the other criterion to evaluate the degree of a protein domain is
enriched. The enrichment score of a specific domain is calculated by the quintile
function for hypergeometric distribution – phyper:

2.3.4: Calculate Average Fold Change
The average FC of a set of genes in a domain is also an important parameter for us to
evaluate the activities.

14

Calculating the average FC of a domain is similar with calculating the average fold
change of pathway. Suppose domain D is correspond ing to n DEGs
(
), their fold changes are
. The fold change can only
be up-regulated, i.e. the value is larger than 1 or down regulated, i.e. the value is
smaller than -1.
At first, we calculate the sum of fold changes of all the DEGs by implementing the
following formula:

Then we use the following formula to calculate the average fold change:

For example, if domain D is corresponding to 2 DEGs and there fold changes in certain
time point are 2.5, -3.
, average fold
change
.

Running command:
$perl script/DomainAnalysis_pipeline.pl –i DEG_result.txt -g domain_anno.txt -tp n




-i <file>: Specifies the DEG result file.
-g <file>: Specifies the protein domain annotation file.
-tp n: Specifies the time point number.

The result of domain analysis pipeline is shown in Figure 10:

Figure 10: Result of protein domain analysis

In the output of protein domain analysis, Column A contains the Interpro ID.
Column B gives the description of domain specified in column 1. Column C
contains the number of times a certain domain’s enrichment score is no larger
than 0.05 among all time points. In the following columns one can find the
15

values of genome size, genome number, sample size, sample number, enrichment
factor, enrichment score and average fold change.
A number of DEGs
corresponds to the each domain is also shown in the result. If NA is list in all the
parameters in a certain domain, then such domain is not possessed by any DEG
in current time point.
We can identify the common domains and unique domains from the result of the
domain analysis. Common domains refer to those protein domains with
enrichment score smaller than 0.05 at all the time points. Unique domains refer
to those protein domains with enrichment score smaller than 0.05 at only one
time point.

2.4 GO enrichment Analysis
GO is a major bioinformatics initiative to standardize the representation of gene
and gene product attributes across all species. [12]
In more details, the GO project aims at:
1. Maintain and develop its controlled vocabulary of gene and gene product
attributes;
2. Annotate genes and gene products, and assimilate and disseminate annotation
data;
3. Develop tools in order to facilitate the creation, maintenance as well as the
usage of ontologies;
Since there is no universal standard terminology in biology and related domains,
and term usages may be specific to a species, research area or even a particular
research group. This makes communication and data sharing more difficult. The
GO provides ontology of defined terms representing gene product properties. The
ontology covers three domains:
1. Cellular component, the parts of a cell or its extracellular environment , where
a gene product functions.
2. Molecular function, the elemental activities of a gene product at the mol ecular
level, such as binding or catalysis;
3. Biological process, operations or sets of molecular events with a defined
beginning and end involved by a gene product, pertinent to the functioning of
integrated living units: cell, tissues, organs, and organisms.
Each of these domains is represented by a directed acyclic graph with one source.
Cellular component, molecular function, and biological process are the sources
of these three graphs. Each node in the graph is a term that represents a sub
16

domain. When we have a gene list, we can examine the GO terms associated with
the short gene lists and get some ideas about which molecular function, cellular
component or biology process is enriched in the associated gene list.
In the GO enrichment analysis, we tried to identify the GO terms related to
DEGs in each time point. However, the current databases do not contain the
relations between GO terms and poplar genes. However in the GO database,
there is an Arabidopsis thaliana annotation file – TAIR. This file provides the
relations between GO terms and Arabidopsis genes, shown in Figure 11:

Figure 11: Gene Association file – TAIR

After obtaining the relations between GO terms and Arabidopsis genes, we map
Arabidopsis genes to poplar genes according to our poplar gene annotation file.
Figure 12 shows the mapping relations between poplar genes and Arabidopsis
genes.

Figure 12: Relations between poplar genes and Arabidopsis genes

Arabidopsis genes and poplar genes are homologous, i.e. they are functionally
similar. Thus we can generate a mapping table to reveal their relationships. GO
enrichment analysis evaluate GO terms of DEGs at each time point. The
procedures in details are as follows:
2.4.1: Generate a list of Arabidopsis genes of DEGs in each time point
17

By consulting the Arabidopsis – poplar homolog gene chart released by
Phytozome.com, in 2012, we generate a file containing a list of Arabidopsis
genes corresponds to DEGs in each time point. Two or more poplar genes may
have the same Arabidopsis homolog gene.
2.4.2: Call TermFinder to generate GO terms given the list of Arabidopsis genes
We use TermFinder [13] to identify the enriched GO terms from a list of DEGs.
The module can be downloaded from CPAN.
TermFinder outputs a set of GO terms based on the list of Arabidopsis genes. The result
is based on the background database, gene numbers in the list, the frequency of GO terms
are annotated across the provided gene list. Like the domain analysis, the P-value is also
calculated by the function of the hypergeometirc distribution.[13] The method also
calculates the corrected p-value for each GO by applying Bonferroni correction method.
The result of TermFinder is shown in Figure 13:

Figure 13: Result from TermFinder

2.4.3: Mapping the Arabidopsis gene list of each GO back to poplar genes, and
calculating the genome size, genomic gene number, sample size, sample number
From the sample shown in Fig 2-9 we can see a list of Arabidopsis genes associated with
a GO term. Now we use this list map back to poplar genes, and then calculate the
average fold changes for each GO. We also need to get the genome size, genome number,
sample size and sample number as domain analysis to calculate the p-value for each GO.
1. Genome size

18

Genome size represents the total number of poplar genes exist in DEG re sult file that
corresponds to at least one GO term listed in the result of TermFinder in current time
points.
2. Genomic gene number
Genomic gene number represents the number of poplar genes that associated with
current GO term.
3. Sample size
Sample size represents the number of DEGs corresponds to at least one GO term
specified in the result of TermFinder in current time point.
4. Sample number
Sample number represents the number of DEGs associated with the current GO term.

Once we get these four numbers, we can calculate the enrichment factor and
enrichment score as what we did for protein domain analysis. We can also
calculate the average fold change by mapped poplar genes associated with a
specific GO term. Here we calculate two average fold changes of all genes
associated with each GO in each time point. Average fold change 1 is calculated
by mapping the Arabidopsis genes back to DEGs in current time point.. Average
fold change 2 is calculated by mapping the Arabidopsis genes back to whole
poplar gene set. The calculation is also the same as which specified in domain
enrichment analysis.
2.4.4: Appending the annotation of Arabidopsis genes to the result
In GO analysis, we also append the annotation of Arabidopsis genes to the result.
The Arabidopsis annotation file is shown in Figure 14:

Figure 14: Annotation file of Arabidopsis genes
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2.4.5: Identification of common GO terms and Unique GO terms
A common GO term is the one enriched in all time points. A unique GO term is
defined as the one enriched in only one time point. After getting the results from
each time point, we do a summation and generate two additional files for
common GO terms and unique GO terms.
In order to show the result of common GO terms and unique GO terms more, we
also use the barplot function in R to render the average fold change. Figure 15
shows average fold changes of unique GO terms in one time point generated by
vertical barplot.

Figure 15: Unique GO terms rendered by vertical barplot

Running command:
$ perl ./script/GO-Term_pipeline.pl -i DEG_result.txt –g relation.txt –tp n –e TAIR.txt –
n gene_ontology.obo






-i <file>: Specifies the DEG output file
-g <file>: Specifies file provides relations between poplar genes, Arabidopsis
genes and GO terms
-e <file>: Specifies the annotation file of Arabidopsis genes
-n <file>: Specifies the GO ontology file
-tp n: Specifies the time point number

The output of GO enrichment analysis is shown in Figure 16:
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Figure 16: GO enrichment analysis result

In the output of GO enrichment analysis, Column 1 shows the time point to
which this GO term belongs to. Column 2 gives the GOID. Column 3 provides
the genome size. Column 4 provides the genomic gene number. Column 5
provides the sample size. Column 6 provides the sample number. Col umn 7
provides the list of DEGs correspond to the certain GO in current time point,
followed by enrichment factor and enrichment score. Column 10 shows the type
of current GO, “P” stands for biological process, “C” stands for cellular
component, and “F” stands for molecular function. We still have several columns
that are not shown up, which provide the p-value, corrected p-value and two
averaged fold changes.
The Common GO result file is shown in Figure 17:

Figure 17: Result file of Common GO terms

The result file of common GO terms provides the type, the description as well as
the two average fold changes among all the time points of a certain common GO.
Users can check whether it is up-regulated or down-regulated in each time point
conveniently.
The Unique GO result file is shown in Figure 18:
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Figure 18: Result file of Unique GO terms

In the result file, column 3 specifies which time point the current GO belongs to,
followed by the short description and definition of current GO. This file also
gives two average fold changes of current GO.
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Chapter 3
GO Hierarchy Analysis
3.1 Different types of GO relations
The ontologies of GO terms are structured as a directed acyclic graph with only one
source, with GO terms represented by nodes and relations denoted by arcs as nodes in the
graph. Like all the terms are categorized into three different classes, the relationships
between GO terms can be classified into the following categories; part of relation; has
part relation; regulates relation, negatively regulatory relation and positively regulatory
relation.
1. is a relation: If we say A is a B, we indicate that A is a subtype of B. For example,
fatty acid binding is a lipid binding, mucosal tolerance induction is a mucosal immune
response, or lyase activity is a catalytic activity.
2. part of relation: The part of relation is used to represent part-whole relationships in the
GO. A part of relation would only be added between A and B if B is necessarily part of A,
i.e. the presence of the B implies the presence of A. For example, autophagic vacuole
assembly is part of macroautophagy.
3. regulates relation: If one process directly affects the manifestation or quality of another
process, then we say the former process regulates the latter process. The target of the
regulation can be a pathway, an enzymatic reaction, or it may be a quality, such as cell
size or PH.
4. positively regulates relation & negatively regulates relation: These two relations are
two sub-relations of regulates relation.

For a given GO, its relations to other GO terms can be found in the obo file. For example:

Figure 19: GO term example
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From Figure 19, we can see that GO:0032741 “is a” GO:0001819. GO:0032741 is a
GO:0032661. GO:0032741 “positively regulates” GO:0032621.
There still exist some other GO relationships besides the fundamental ones we mentioned
above, e.g. located in relation; adjacent to relation; has participant relation and so on. Our
GO hierarchy analysis only takes the following 5 basic GO relations into consideration:
1. is a relation
2. part of relation
3. regulates relation
4. negatively regulates relation
5. positively regulates relation
In our GO ontology analysis, we try to build a tree-structure graph to reveal the relations
for a given list of GO terms. We make the source of the acyclic graph to be the root of the
tree. And we define the parent-child relationship between each pair of GO terms with the
basic GO relationships mentioned above. The parent-child relationship is defined as
follows:
1. If GO1 “is a” GO2, we define GO1 as the parent of GO2
2. If GO1 is “part of ” GO2, we define GO2 as the parent of GO1
3. If GO1 “regulates” GO2, we define GO1 as the parent of GO2
4. If GO1 “positively regulates” GO2, we define GO1 as the parent of GO2
5. If GO1 “negatively regulates” GO2, we define GO1 as the parent of GO2

Figure 20: GO relation example

In Figure 3-2, we can see a part of tree represent the GO relations specified in Figure 20.

3.2 Algorithm used to generate GO tree
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We design an algorithm to generate GO trees for biological process, cellular
component and molecular function separately. Here we select the biological
process as an example to introduce our algorithm:
Our algorithm contains two parts. Part 1figures out all the GO terms and their
relations exist in the tree, i.e. vertices and edges exist in the tree. Part 2 figures
out the layer information, i.e. the structure of the tree.
Part 1:
Step 1.Create hash tables for “is a” relation, “part of” relation, “regulates”
relation, “positively regulates” relation and “negatively regulates” relation
respectively. We hash all these five relationships of biological process GO terms
exist in ontology file into corresponding hash tables. Keys represent the parent
and values represent the children.
Step 2.Read the GO list, extract all the biological process GO terms and push
them into an array - @GO_p.
Step 3.Each time we pop an element e from the head of @GO_p, check the all
the basic relations of e, get a list of all the target GO terms. Scan the target GO
list, and push those GO terms that did not appear before into the array @GO_p.
Step 4.Repeat step 3 until the @GO_p is empty. Then we get the integral list of
GO relation pairs as well as the GO terms appear in the GO tree.
Part 2:
Step 1.Read the list of GO relation pairs, push all the GO terms with children in
an array - @parents, push all the GO terms with parents in another array @children
Step 2.Determine the root of the whole tree. We know a GO term is the root iff it
exists in array @parent but does not appear in the array @children.
Step 3.Push the root of the tree into a new created array - @array. Create a hash %hash_layer to store the layer of all GO terms. Initialize a variable $current_layer which used to specify the current layer number to be 1. The root
is at layer 1.
Step 4.Each time adds the value of $current_layer by 1, pop out all the existing
elements in @array, identify their children and store in array - @array2. Scan
@array2 and hash all the members in @array2 to %hash_layer with value
$current_layer. Then override @array with @array2.
Step 5.Repeat step 4 until the @array is empty. Now we gain all the layer
information in the %hash_layer.
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3.3 Usage of online tool – GO tree
There are two ways to plot the GO tree by using our online tool.
Method 1: Paste a list of a GO term and their p-values, make sure they are
separated by a tab symbol. Then select the type of GO tree (biological process,
cellular component or molecular function) you want to plot at the radiobox.
Click “submit” button.

Figure 21: Paste the list of GO term along with their pvalues
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Figure 22: GO-Tree result (biological process)

Method 2: Upload a two column tab-delimited file that is resulting from you GO
enrichment analysis. Column 1 contains GO terms, Column 2 provides the p
values of each GO term. The sample input file is specified in Figure 23. Then
select the type of GO tree (biological process, cellular component or molecular
function) one wants to plot at the radio box. Click “submit” button.

Figure 23: Upload GO-Tree file format

27

Chapter 4
GO Hierarchy Analysis Poplar Gene Expression Data Analysis
On-line Tool
4.1 Introduction to poplar gene expression data analysis on-line tool
Poplar Gene Expression Data Analysis Pipeline is an online tool designed for analyzing
gene expression data from poplar. The URL is “http://sys.bio.mtu.edu”. This tool is the
web application of our pipeline program. It can analyze both microarray gene expressions
and high-throughput gene expressions. For high-throughput gene expression, we only
take the latest data version – version 3. Here is an introduction of our online tool.

4.2 User Registration and Portion
4.2.1 Register
Users must register before using web tool. The user registration page is shown in Figure
24:
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Figure 24: User registration webpage

4.2.2 Duplicate username
We store the user registration information in our database. The user name must be unique.
We will check the username in our database once a user submits a user ID. If we find
this user name is already registered, the user will be directed to the webpage shown in
Figure 25:
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Figure 25: Duplicate username error

4.2.2 Duplicate Email
The Email address also has to be unique. After completing the analyses requested, we
will send the URL links of results to users via email. Our tool can automatically search
the database to check if a given email address is already registered. If a given email has
already been registered, users will be directed to the webpage shown in Figure 26:
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Figure 26: Duplicate email error

4.3 User Login Portion
4.3.1 Login
Each time users want to use the online tool, they have to login first. Users can either
click the “Login” on the main menu or the hyperlink on up-right of each page, as shown
in Figure 27:

Figure 27: Login hyperlink

The login webpage is shown in Figure 28:
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Figure 28: User login webpage

Make sure the username and password are correct. Otherwise an alert box will pop out,
which is shown in Figure 29:

Figure 29: Alert box indicates the password is incorrect

4.3.2 Password retrieval
If users forgot their password, click the link - “Forgot Password”, then website
will redirect users to a find password webpage, it is shown in Figure 30:

Figure 30: Finding password webpage

Users can retrieve their password by entering the usernames and registered email
addresses in this text bar. Once the users click “Submit”, our server will search
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the database immediately. If a match is found, the server extracts the password
and sends it to the registered email address .

4.4 Data analysis Pipeline
After the user logins in, he/she can do the data analysis by using the online tool. All the
analyses are specified in the main menu bar, which is shown in Figure 31:

Figure 31: Menu Bar of pipeline Analysis

In Fig 4-8, we can see Identification of DEGs – DEG Analysis, Pathway Enrichment
Analysis, Domain Enrichment Analysis, GO Enrichment Analysis and GO-Tree. These
analyses all specified in pervious chapters. Here we only introduce the usage of online
tool.
4.4.1 Identification of DEGs
In perform DEG analysis, users need to click “Identification of DEGs” in the main menu
bar, the webpage is shown in Figure 32:
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Figure 32: DEG analysis webpage

In this webpage, users can specify the following parameters:
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1) Data type of the uploaded data, either “microarray” or “high -throughput”.
2) Gene expression data file, click “Choose File” button and upload the gene
expression data file from local PC. Make sure the format of uploaded f ile
is correct. You can click the example link to check the sample file.
3) Time point number
4) For microarray data, specify the trimming percentage of the gene
expression data.
5) For high throughput sequencing data, specify the minimum normalized
value.
6) Cut-off threshold of corrected p-value. We will classify the poplar genes
with corrected p-value smaller than this threshold as the DEGs
7) Analyses one wants to do after the DEG analysis in the checkboxes. There
are three checkboxes - DEG sets Analysis (Pathway Analysis), Domain
Analysis and GO Term Analysis. These checkboxes provide huge
convenience in gene expression analysis. Users can choose all of them and
then the online tool will do all the analyses once in the background. Once
the analyses are completed, server will send all the results to the users
using registered email addresses.
Click “next” and go to the confirmation page, as shown in Figure 33:
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Figure 33: DEG pipeline Confirmation (Analyses)

Server will show all the analyses we will do in this page, if nothing is wrong,
click “next” button. Then the users are redirected to web page that used to
confirm the parameters, as shown in Figure 34:

36

Figure 34: DEG pipeline Confirmation (parameters)

In the web page shown in Figure 34, one will find all the parameters he entered
before. If all the parameters are correct, click “confirm” button. Then he will be
redirected to the final webpage, as shown in Figure 35:
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Figure 35: Final page of DEG pipeline

In Figure 34, users can get a form that specifies how the server will run the
program. We can see the form contains the upload file name, upload file size,
output file name, time point number, trimming percentage, upper bound value of
corrected p-value which used to classify the DEGs, and the email address which
the result will be sent to. Once users see this webpage, it indicates the tool has
already got started to run the analysis. Users can logout and check their email
after several hours.
Although user can do each pipeline analysis separately, we highly recommend
users use this pipeline to do all the analyses at once. This provides some
advantages in using the resource. Our online tool also checks the input files.
Users will be directed to error warning webpage if they make mistakes of the fi le
format. For example, Figure 36 shows the error warning webpage when user
enters wrong time point number:
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Figure 36: Wrong time point number warning

Our server uses this email– sysbiomtu@gmail.com. The output files will be sent
to user’s email address. A few example messages from our server are shown in
Figure 37:

Figure 37: Results get from server
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Users can download the results by clicking the links in the email.
4.4.2 Pathway Enrichment Analysis
If one wants to do the pathway enrichment analysis, he needs to click the
“Pathway Enrichment” in the main menu bar.

Figure 38: Pathway Enrichment Analysis

In this webpage, users can:
1) Choose the data type of the uploaded data, either “microarray” or “high throughput”.
2) Click “Browse” button and upload the gene expression data file from local
PC.
3) For high throughput sequencing data, enter the minimum normalized value.
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After entering all the parameters, click “next”. We will see the confir mation
webpage shown in Figure 39:

Figure 39: Confirmation page of pathway enrichment analysis

After confirming the parameters entered, click “confirm” button and make the
server run the program. The final webpage of pathway enrichment analysis is
shown in Figure 40.

Figure 40: Final result of pathway enrichment

41

Webpage in Figure 40 shows the details of upload file, time point number and
the email address that the server will send the outputs to.
For the pathway enrichment analysis, we currently do not allow user to up load
their pathway matrix file. Our server has its owns pathway matrix file for poplar.
It is composed of 340 pathways.
4.4.3 Domain Enrichment Analysis
If one wants to identify enriched domains in a list of DEGs , first clicks the
“Domain Enrichment” in the main menu bar.

Figure 41: Domain Enrichment Analysis

From Figure 41 we can see users need to specify the following parameters to run
the domain enrichment analysis:
1) Choose the data type of the uploaded data, either “microarray” or “high throughput”.
2) Click “Choose Files” button and upload the output file of DEG pipeline.
Similar with pathway enrichment analysis, users will be directed to the
confirmation page that contains the upload file name and time point number.
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Figure 42: Confirmation page of domain enrichment analysis

After confirming the input file and time point number, click “confirm” button to
run the program. The final webpage of pathway enrichment analysis is shown in
Figure 43.

Figure 43: Final result of domain enrichment
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For domain enrichment analysis, our tool already has the protein domain annotation file
in place. Users only need to upload the protein domain annotation file. We also keep
track of the latest domain annotation file and renew the annotation file to produce the
results up to date.
4.4.4 GO Enrichment Analysis
If one wants to do the GO enrichment analysis, first click the “GO Enrichment”
in the main menu bar.

Figure 44: GO Enrichment Analysis

In this webpage, users have to:
1) Choose the data type of the uploaded data, either “microarray” or “highthroughput”.
2) Click “Choose Files” button and upload the output file from DEG pipeline.
3) Enter the number of time points in the text box.
Similar with pathway enrichment analysis and domain enrichment analysis, users
are directed to the confirmation page that contains the upload file name and time
point number.
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Figure 45: Confirmation page of GO enrichment analysis

Figure 46: Final result of GO enrichment

For the GO enrichment analysis, users only need to upload the output file
resulting from DEG pipeline. Our tool already has the GO ontology file and
annotation files, Arabidopsis genes’ annotation file and GO annotation file. We
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keep track of the latest lease of annotation files and GO annotation file and
update of files once the new annotation become available.
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Conclusion and Future Work
The purpose of this project is to develop a set of tools for rapid analyzing gene expression
data for poplar genes. The pipelines can be used to identify of DEGs, enriched pathways,
enriched domains and enriched GO terms. We also developed an on-line tool to
enable users do the analyses of their data easily. Such tool can be used to analyze
both microarray data and high throughput data.
Some potential contents that can be integrated to improve our pipeline tool are as
follows:
1. Integrate multiple methods to identify the DEGs, add an option to the methods
so that users can choose proper methods for their data.
2. Add more automated visualization schemes, for example heat-map or bar-plot
to automatically show the average fold change or other information we are
interested in.
3. Add more species, currently our tool can only analyze poplar gene expression
data.
4. Add methods to build gene network and automatically identify regulatory
modules
5. Add time execution time bar to let users know how much time it needs to get
the running results.
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